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Identification of transcriptional regulatory motifs continues to be a challenging problem in computational biology. We report a model-based
procedure, MotifModeler, that uses global gene expression data to (1) identify cis-acting elements (CAE) that regulate gene expression under a
given condition and (2) estimate the effects of the CAE on gene expression. MotifModeler repeatedly tests random subsets of all possible motifs of
a given size and selects those that best fit a combinatorial model of the expression levels. We tested MotifModeler using data from a microarray
experiment on the effects of interferon-α in peripheral blood monocytes. Focusing on 6-bp motifs, we predicted 16 stimulatory and 4 inhibitory
motifs. Motifs were extended and compared to known binding sites in the TRANSFAC database using position-specific scoring matrices. Many
predicted CAE match sites known to be involved in interferon action. MotifModeler demonstrated the potential to computationally identify CAE
important in gene regulation.
© 2006 Elsevier Inc. All rights reserved.Keywords: cis-acting elements; Microarrays; Transcription factors; Gene expression; Gene regulation; InterferonUnderstanding regulatory mechanisms of eukaryotic gene
expression is a fundamental goal in modern biology [1].
Eukaryotic gene expression is regulated by combinatorial
interactions among many transcription factors bound to their
corresponding cis-acting elements (CAE; putative transcription
factor binding motifs). Identifying these CAE is an important
step toward understanding gene regulation. The combination of
microarray technologies that allow measurement of the
expression levels of tens of thousands of genes in a single
experiment with the availability of genomic DNA sequences
offers profound opportunities to elucidate the global patterns of
transcriptional regulation [2–5].
Many computational approaches have been proposed for the
identification of CAE. One method is to search for matches to
known consensus CAE, such as are cataloged in TRANSFAC
[6,7]. Another approach is cross-species comparison of the
sequences from orthologous genes, with the assumption thatAbbreviations: CAE, cis-acting element; TCS, transcriptional contribution
score; HAS, highest alignment score; EMS, extended matching score.
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regulatory functions [8]. Neither of these approaches selects
sites that are relevant to a particular physiological or
pharmacological manipulation (e.g., drug response). Another
method is to search for consensus motifs among the regulatory
sequences of coregulated genes [9,10]; although this finds the
best conserved sites, it does not take into account the
combinatorial effects of CAE. Many algorithms, such as
MEME [11], CONSENSUS [12], MDScan [13], and AlignACE
[14], have been developed to identify conserved motifs from the
promoter sequences of a set of preselected genes. An extension
of these methods is to look for co-occurrences of several
conserved regions that may denote cis-regulatory modules [15].
A different approach, model-based analysis, was reported to
predict regulatory sequences successfully in both Saccharomy-
ces cerevisiae [16] and Homo sapiens [17]. Bussemaker et al.
[16] estimated quantitative relationships between gene expres-
sion levels and the number of binding sites, selecting putative
binding sites recursively in an add-on manner by looking at
which individual sequence reduced the model error to the
largest degree. Although the approach is promising, the
recursive strategy is not optimum because the performances
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selections. To avoid this potential bias, we propose an improved
model-based procedure, MotifModeler.
MotifModeler is designed to predict a set of CAE that
coregulate global gene expression. MotifModeler is based upon
the idea that gene expression is controlled by the combinatorial
actions of multiple transcription factors present at different
levels and by the numbers of their binding motifs in the
regulatory region of the gene. A set of genes is chosen based
upon their being regulated by a particular condition, such as the
presence of a drug. Any method that generates expression data
on a reasonably sized set of coregulated genes can serve as the
starting point; we used data from a microarray experiment.
From a pool of all possible motifs of a fixed size, a set of motifs
is selected randomly and mapped onto the selected (putative
regulatory) regions of the set of genes. A linear model is
established to fit the expression data according to the number
and estimated efficacy of selected motifs. The stimulatory or
inhibitory roles of the motifs are estimated using a least-squares
approach. Each motif is evaluated based on how well its
presence improves the model performance. This is iterated
many times with different random sets of all possible motifs.
The accumulated contribution of each motif (defined as the
transcriptional contribution score, TCS) is used to select the set
of motifs that best explain the data and to estimate the relative
effect of each motif. Because each individual motif is tested in
combinations with many other motifs, the approach is not
sensitive to starting choice of motifs and can identify multiple
portions of extended or bipartite motifs. Our approach identifies
CAE that contribute to the global expression data in a particular
situation, for example, those genes turned on or off by a drug.
This article describes our newly developed computational
procedure, MotifModeler, and tests it using data from an
experiment that used oligonucleotide microarrays to measure
the global effects of PEGylated interferon-α2b (PEG-IFN-α) on
gene expression in peripheral blood monocytes (PBMC) [18].
PEG-IFN-α is widely used in the therapy of hepatitis C virus
[19]. Interferon triggers several signal transduction pathways,
particularly Jak–STAT pathways [20,21], and alters expression
levels of many genes [18]. We compared the CAE that were
identified by MotifModeler to the known transcription binding
sites in TRANSFAC 9.2 [7], using position-specific scoring
matrices (PSSM) as a systematic approach to find the best
match of each predicted CAE to a known binding site. Because
most binding sites are longer than the predicted motifs, we
extended the predicted CAE in the regulatory sequences in
which they were present and compared these extended motifs to
the known binding sites in TRANSFAC. MotifModeler
identified known interferon-responsive elements along with
novel CAE. We also compared the performances of MotifMo-
deler and REDUCE [16] by using both the interferon response
data and an artificial benchmark dataset.
Results
The major assumption of MotifModeler is that gene
expression is controlled by the functional levels of multipletranscription factors and numbers of their binding sites in the
regulatory region of the gene. MotifModeler starts from known
levels of gene expression, which can be measured using
microarray experiments or other high-throughput technologies,
and from genomic DNA sequences from which all possible
binding motifs can be generated. For each iteration, MotifMo-
deler selects a random set of m sequences (m is user defined) of
length w (also user defined). It then finds how many
occurrences of each motif there are in the (user-selected)
genomic regions to be examined. The effect of transcription
factor binding to each individual motif is estimated by fitting
expression data to the number of appearances of the motif in the
regulatory region of each gene. We generate a TCS that is large
if the overall model fits the gene expression data well (has low
model error), and small if it does not (Materials and methods),
and add this TCS to each selected motif. This procedure is
iterated many times (user selected, generally in the range of
100,000 to 10,000,000) with random sets of m motifs until
each motif is picked at least a defined number of times (e.g.,
10,000 times). The motifs that have the highest cumulative
TCS are identified as critical CAE, and their average
contributions to gene expression are estimated as part of the
procedure.
Biological model system
Affymetrix Human Genome U133A microarrays were
previously used to investigate the global effects of PEG-IFN-
α and ribavirin on gene expression in human PBMC [18].
Taylor et al. [18] found that ribavirin treatment had little effect
on gene expression (fewer differences than expected by chance,
and fewer differences between PBMC of one indivi-
dual ± ribavirin than between two individuals treated identical-
ly), and therefore pooled the data ± ribavirin to allow more
powerful analysis of the experiment as a 10-array × 10-array
comparison between controls and interferon-treated cells [18].
After removing from consideration genes that were not reliably
detected in at least one of the two conditions [22,31], we
selected 198 genes with altered expression, using stringent
statistical criteria (false discovery rate ≤0.001) and also
requiring the magnitude of expression difference to be greater
than or equal to twofold. Among these 198 genes, 151 were up-
regulated, and 47 were down-regulated (see supplemental Table
S1 for the list of genes).
Selection of putative CAE
For this analysis, we focused on all 2080 possible 6-bp
motifs as candidate CAE. MotifModeler can be set to select any
arbitrary number (m) of CAE in each iteration. To examine the
effects of m on the selection of CAE, we tested the spectra of
TCS (see Materials and methods) of the candidate CAE from
analyses with m = 10, 15, 20, 25, and 30 (Fig. 1A). Fig. 1A
shows clear similarities among the spectra generated with the
five different values of m. All of the cross-correlation
coefficients are larger than 0.9. Therefore, the TCS spectra are
relatively insensitive to the choice of m.
Fig. 1. Transcription contribution score (TCS) spectra. (A) Effect of choice of number of CAE (m) on TCS spectra in PEG-INF-α-treated cells [18]. All 2080 unique 6-
bp CAE are represented in alphabetical order along the x axis, with the corresponding TCS on the y axis. (B) TCS calculated from three different random sets of 198
genes, with m = 20, to test whether the spectrum of TCS was related to intrinsic sequences rather than to regulation by interferon.
454 Y. Liu et al. / Genomics 88 (2006) 452–461To test whether the patterns shown in Fig. 1A might have
arisen from intrinsic features of genomic DNA sequence, such
as nonrandom distributions of short sequences, we constructed a
negative control by calculating the TCS spectra using 198
randomly selected genes whose expression levels were not
responsive to IFN. There were no similarities in the TCS spectra
either among three independent analyses of different sets of
randomly selected genes or between the randomly selected
genes and the IFN-responsive genes (Fig. 1B). No cross-
correlation coefficients among different spectra are greater than
10%, and except for one motif that overlapped between panels 1
and 3, all other selected CAE (20 per analysis) were distinct.
Therefore, we conclude that the TCS spectra in Fig. 1Awere not
due to intrinsic features of genomic DNA sequences.
The functional effect of each CAE (x in Eq. (1); Materials
and methods) was estimated by least-squares regression (Eq.
(2)). Positive and negative values of x indicate stimulatory andinhibitory roles, respectively. Among 2080 6-bp CAE
candidates, 1637 (78.7%) were predicted to be positive
elements and 443 (21.3%) were predicted to be negative
elements; this parallels the number of genes stimulated or
repressed. The histograms of TCS are shown in Fig. 2. We
selected the 1% of CAE candidates with the highest scores
from each category, 16 positive sites and 4 negative sites.
Table 1 shows the TCS of these CAE and their estimated
functional levels.
Correspondence of predicted CAE to known transcription
factor binding sites
Because the test data were on interferon-stimulated and
-repressed genes, we expected that some of the CAE found
should match known interferon response elements. We system-
atically compared the 20CAEwith the top TCS (16 positive and 4
Fig. 2. Frequency distribution of TCS in the interferon experiment. (A) Positive CAE, 1637 total. (B) Negative CAE, 443 total. Arrows P and N indicate the score
cutoffs above which are 1% of all the positive and negative CAE candidates, respectively.
455Y. Liu et al. / Genomics 88 (2006) 452–461negative motifs, Table 1) to the known binding sites in the
TRANSFAC database 9.2 [7]. PSSM were derived for each
known binding site according to its alignment matrices (see
Materials andmethods). A givenCAEmight align in several ways
with a known site, because their lengths usually differ, so we
chose the highest alignment score (HAS) to indicate how
significant the correspondence was. Most of the CAE identified
by MotifModeler match known transcription factor binding sites.
Tables 2 and 3 show those with HAS ≥3 standard deviations
above the mean that was calculated from alignment scores of
randomly selected known binding sites and all potential 6-bp
sequences (the distribution of scores is shown in Fig. 3).
Interestingly, 6 of the 16 predicted stimulatory CAE (AAAGTG,
GTGAAA, CGAAAC, GAAACC, AGTTTC, and AAAAGC)
match interferon regulatory factor (IRF) binding sites (Table 2).
The consensus sequences of IRF1, IRF2, interferon-stimulated
regulatory element (ISRE), and interferon consensus sequence
binding protein (ICSBP) are all variations of the same
consensus sequence, so high HAS scores were observed
between predicted 6-mers and these binding sites (Interferon
regulatory factorc in Table 2). Together, these 6 stimulatoryCAE cover 12 of 13 nucleotides of the IRF1 consensus
sequence [G/C]AAAAG[C/T]GAAACC (Fig. 4). These 6
CAE have similar positive functional levels (Eq. (2) and
Table 1), ranging from 0.41 × 104 to 0.85 × 104, reinforcing
the interpretation that they were selected because they all
identify IRF sites. This suggests a very strong effect of the
IRF binding site on global gene expression levels in the
interferon-stimulated PBMC.
We compared the predictions made by MotifModeler and
REDUCE [16], another model-based procedure. Of the 20
strongest motifs selected by REDUCE, 4 match with the top
20 selections by the MotifModeler (labeled with a superscript
“b” in Table 2). Two of the 4 sites selected by both
approaches match IRFs in the TRANSFAC database.
MotifModeler selected 4 additional motifs that matched
IRFs and selected overlapping motifs within longer IRF
sequences; REDUCE did not.
To compare the two approaches further, a benchmark dataset
was designed (see Materials and methods and supplementary
data). Both MotifModeler and REDUCE were applied to this
benchmark dataset. Although both predicted 6 of the “real”
Table 1
Transcriptional contribution scores and estimated functional levels of selected
CAE
Positive CAE Negative CAE
CAE TCS (×10–10) x (×104) CAE TCS (×10–10) x (×104)
AATGCT 3.89 0.99 GCGTAA 3.18 –2.34
AATAAT 3.52 0.71 AATCGG 2.84 –0.99
AAAGTG 3.51 0.65 GGGTTA 2.83 –0.78
GTGAAA 3.51 0.66 CGTAAA 2.81 –1.73
AAAAAG 3.46 0.46
CGAAAC 3.40 0.85
AGGTCA 3.40 0.83
GAAACC 3.39 0.52
AAACAG 3.31 0.51
ACTAGA 3.26 1.21
ATTCCG 3.25 1.38
AGTTTC 3.23 0.41
AAAAGC 3.19 0.55
CTGCAA 3.19 0.56
CAAAAA 3.17 0.42
ACCAAA 3.17 0.60
TCS, transcriptional contribution scores; x, estimated functional levels. Values
were calculated based on 5,000,000 repeats.
Table 3
Correspondence of four negative CAE to the TRANSFAC database
CAE EMS TRANSFAC
accession ID a
Known binding sites Factors
GCGTAA 9.22 M00398 Cell-death
specification 2
ces-2
8.70 M00097 Pax-6 Pax-6
8.15 M00260 Hepatic leukemia
factor
Hlf
AATCGG 8.51 M00287 Nuclear factor Y
(Y-box binding factor)
CBF(2),
NF-Y
GGGTTA 9.51 M00766,
M00647,
M00964
LXR direct repeat 4 LXRα:
RXRα
9.36 M00406 Myocyte enhancer factor MEF2A
8.09 M00767 FXR inverted repeat 1 FOR1,2,
FXR:RXRα
CGTAAA 8.87 M00290,
M00291
Fork head-related
activator-2,3
FOXF2,3
8.19 M00097 Pax-6 Pax-6
8.16 M00475 Defective dauer
formation 16
daf-16 α1,
α2, β
a Accession identification number for each alignment matrix in the
TRANSFAC database.
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MotifModeler (11 of 20) overlapped these real motifs, and
MotifModeler identified dimeric motifs (Supplementary Fig.Table 2
Correspondence of 16 positive CAE to the TRANSFAC database
CAE EMS TRANSFAC accession ID a
AATGCTb
AATAAT 8.71 M00095
8.31 M00619
AAAGTG 9.17 M00062, M00063, M00258, M00972
GTGAAAb 9.46 M00150
9.26 M00062, M00063, M00258, M00699, M00772, M00972
AAAAAG 8.61 M00734
CGAAACb 9.25 M00062, M00063
AGGTCAb 11.33 M00512, M00515, M00518, M00528, M00762, M00763
10.85 M00156, M00157
10.51 M00511, M00191, M00959
9.86 M00979
9.67 M00526
9.12 M00727
9.03 M00158
8.55 M00767
GAAACC 9.60 M00062, M00063, M00772
8.69 M00319
8.61 M00641
8.43 M00415
AAACAG 8.18 M00292
ACTAGA
ATTCCG 9.29 M00224, M00492
AGTTTC 9.98 M00062, M00258, M00699, M00772
AAAAGC 8.59 M00062, M00063
8.36 M00355
8.31 M00238
CTGCAA
CAAAAA 8.96 M00734
ACCAAA
a Accession identification number for each alignment matrix in the TRANSFAC d
b Motifs that were also predicted by REDUCE [15].
c IRF, IRF1, IRF2, ISRE, and ICSBP share a consensus (Fig. 4) and are listed asS1). Only 6 of the 20 motifs identified by REDUCE matched
the real motifs, and REDUCE identified only one part of the
dimeric motifs (Supplementary Fig. S1).Known binding sites Factors
Cut-like homeodomain protein CUTL1
Alx-4 Alx-4
Interferon regulatory factorc IRF c
Brachyury Brachyury
Interferon regulatory factorc IRFc
CIZ (Cas-associated zinc finger protein) CIZ6-1, CIZ8
Interferon regulatory factorc IRFc
PPAR-γ (peroxisome proliferator-activated receptor γ) PPAR-γ
RAR-related orphan receptor ROR
Estrogen-related receptor α ERR1
PAX6 Pax-6
GCNF (germ cell nuclear factor) GCNF
Gene encoding splicing factor SF-1 SF-1
COUP-TF, hepatocyte nuclear factor 4 COUP-TF1, HNF
FXR inverted repeat 1 FXR:RXR
Interferon regulatory factorc IRFc
MEF-3 MEF-3
Stress-activated transcription factor, HSF HSF
AREB6 (atp1a1 regulatory element binding factor 6) ZEB
Fork head-related activator-4 FOXD1
Signal transducer and activator of transcription 1 STAT1
Interferon regulatory factorc IRFc
Interferon regulatory factorc IRFc
Milk protein binding factor (MPBF) PBF
Barbiturate-inducible element
CIZ (Cas-associated zinc finger protein) CIZ6-1, CIZ8
atabase.
IRF.
Fig. 3. Distribution of highest alignment scores (HAS; Eq. (6)) between all possible 6-bp CAE and known binding sites in the TRANSFAC database. The mean HAS is
3.46, and the standard deviation is 1.52.
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Our analysis used 6-bp sites; many CAE are larger than that.
To investigate further the alignment of the predicted CAE to
known binding sites, we extended the predicted CAE along the
sequences of the genes in which they were found from 6 bp to
the length of the nucleotide matrices in the TRANSFAC
database. The extended sequences were compared with PSSM
of known binding sites, and the extended matching scores
(EMS) were calculated. Using the six CAE that have significant
similarities with IRF1 binding sites (Table 2, Fig. 4) as starting
points, we found 129 IRF1 binding sites with EMS >8 and 44
with EMS >12 within the 1000-bp regulatory sequences
upstream from the 198 IFN-responsive genes. The number of
known IRF1 binding sites was also counted by scanning the
regulatory sequences with the PSSM of IRF1, which found 296Fig. 4. Alignment of six predicted CAE with five known interferon-related
alignment matrices in TRANSFAC. The TRANSFAC matrices for IRF1, IRF2,
IRF, ISRE, and ICSBP were aligned. The alignments of the 6-bp motifs
(AAAGTG, GTGAAA, CGAAAC, GAAACC, AGTTTC, and AAAAGC) are
shown as underlined sequences. Three of the 6-bp motifs matched all five
known binding sites, as shown by boxes around the sequences.and 60 known IRF1 binding sites with EMS >8 and >12,
respectively. The percentage of predicted sites that match the
consensus sites, defined as Pmatch = Nprediced site/Nknown site ×
100%, increased consistently from 44.6% at EMS 8 to 100% at
EMS 15 (Fig. 5).
Predictions based upon different lengths of regulatory regions
To examine the effect of using different lengths of regulatory
regions on the model prediction, we reran the procedure using
1000-bp regulatory sequences (rather than the 500 bp used
above) from the same genes, and selected the 20 CAE (16
stimulatory sites and 4 inhibitory sites) with the highest TCS.
Eight CAE were identical in both 500- and 1000-bp predictions
(Fig. 6). In the 1000-bp prediction, two CAE (GAAACC and
CGAAAC), which were also identified in the 500-bp
prediction, were part of IRF1 binding sites. This might be due
to the larger number of IRF1 sites in the proximal promoter
region (45 IRF1 binding sites with EMS >12) than in the distal
region (15 sites between 501 and 1000 bp).
Discussion
We present an algorithm, MotifModeler, for identifying
putative CAE in the regulatory DNA sequences from groups of
genes whose expression levels differ between two conditions.
We tested it on a set of genes whose expression was altered by
interferon-α, as measured in PBMC using oligonucleotide
microarrays [18]. MotifModeler was able to identify CAE from
a set of 198 genes that were strongly influenced by interferon-α.
A major assumption of MotifModeler is that mRNA expression
levels are controlled by the combinatorial effects of different
Fig. 5. Effects of different EMS thresholds on the number of predicted and known IRF1 binding sites and percentage of correct predictions.
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focused on the 500-bp immediately upstream of the transcrip-
tion start site and chose to look for 6-bp elements. Both of these
parameters can be adjusted. We also tested whether the
identified CAE correspond to known binding sites, because
we expected that among the sites would be known interferon-
responsive elements. In fact, we detected many matches to
regulatory elements known to be important in the interferon
response, demonstrating that this strategy provided biological
insights into the regulatory mechanisms.
Six of the 16 stimulatory CAE, with similar functional levels
(Eq. (2) and Table 1), correspond to overlapping parts of known
interferon regulatory elements, covering 12 of the 13 nucleo-
tides of the IRF1 consensus sequence, [G/C]AAAAG[C/T]
GAAACC (Fig. 4). The repeated selection of overlapping
portions of a site increases confidence in the prediction of that
site. Another of the stimulatory CAE we identified, ATTCCG,
matches the STAT (signal transducers and activators of
transcription) binding site with a high EMS (9.29); this element
has the strongest predicted stimulatory effect (highest estimated
functional level, x = 1.38 × 104) among all the CAE candidates.
STATs are important transcription factors involved in interferon
signaling [19]. The interaction of IFN with IFN receptors on the
cell surface leads to activation of Jak kinases, which
phosphorylate STAT proteins in the cytoplasm [20]. The
phosphorylated STAT proteins are then translocated into the
nucleus where they bind to transcription factor binding sites
such as IRF1, IRF2, ISRE, and STAT1 to regulate gene
expression. Therefore, MotifModeler correctly identified a set
of CAE expected to be important in this experiment.
In addition to these interferon-related sites, there were
matches to sites such as hepatic leukemia factor, estrogen
receptor, and stress-activated transcription factor, which playroles in the blood and immune systems. These sites are
relevant to the biological experiment because we were
examining gene expression in peripheral blood mononuclear
cells; sites important to gene expression in the cell type under
investigation are expected to play roles in the combinatorial
regulation of the genes stimulated by interferon. Two predicted
CAE, AAACAG and CGTAAA, match fork-head-related
activators Freac-2 and -4. Although there is no previous
evidence that they function during interferon stimulation, they
may interact with the interferon-specific sites in a combina-
torial manner that affects gene expression; their roles should
be further explored. Three predicted CAE (ACTAGA,
CTGCAA, and ACCAAA) did not correspond to any known
binding sites in the TRANSFAC database and might be novel
elements. Follow-up biological validations on the functional
analysis of predicted CAE would be very interesting.
MotifModeler is very flexible. Most parameters are adjust-
able, including the number of nucleotides in each CAE, the
region of regulatory sequences, the number of CAE that are
selected in each iteration, and the number of genes upon which
the calculations are based. MotifModeler is relatively insensi-
tive to the parameter m, which determines the number of CAE
selected in each iteration, at least within the range of 10 to 30
(Fig. 1A). This stability allowed the implementation of this
approach without knowing the actual number of critical CAE.
The reproducibility of the TCS spectra (Fig. 1A) offers great
confidence in the fairness of our selection.
As a model-based approach, MotifModeler differs from
other CAE identification methods in four ways. First, it
incorporates combinatorial effects of different elements.
Second, in addition to identification of CAE, MotifModeler
estimates functional effects (positive or negative and relative
levels, x) of predicted motifs under the conditions compared.
Fig. 6. Correspondences between CAE predicted based on 500- and 1000-bp regulatory sequences. Eight CAE were identical in both predictions (joined by lines).
Green and red indicate stimulatory and inhibitory CAE, respectively.
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contrasting conditions, e.g., presence or absence of drug, so that
it finds CAE relevant to particular biological effects rather than
just finding consensus motifs across multiple species. It can, for
example, be used to look for CAE sensitive to a drug or
hormone, by comparing expression in the presence and absence
of the drug, or tissue-specific elements by contrasting
expression levels in different tissues. Finally, it is not limited
to finding previously reported CAE.
Another model-based approach to identifying CAE, RE-
DUCE, was first applied in yeast [16]. This method included
combinatorial effects in the identification of cis-acting elements.However, because CAE were selected recursively in an add-on
manner, later selections were strongly affected by the earlier
selections. This approachmeans that if there are two sites that are
redundant (e.g., different parts of a longer motif or two halves of
a dimeric site) REDUCE will pick only one, because the second
will not improve the model once the first is included.
MotifModeler, in contrast, can identify binding sites whose
functions are redundant because the different parts of the motif
are tested independently. This is not trivial, because many
transcription-factor binding sites are redundant [23–25].
MotifModeler predicted overlapping parts of longer CAE with
both the interferon-α data (Fig. 4) and the benchmark data
460 Y. Liu et al. / Genomics 88 (2006) 452–461(Supplementary Fig. S1). This increases confidence in the sites
of which multiple parts are identified and also leads to a higher
fraction of predicted sites being relevant. MotifModeler was also
able to predict both parts of a heterodimer (Supplementary Fig.
S1), due to its ability to pick up redundant motifs. Therefore,
although based on a simplified linear formulation,MotifModeler
has shown the capability to cope with certain nonlinear effects,
such as redundancy. MotifModeler has the same advantage over
other approaches, such as MOTIF REGRESSOR [26], that use
an iterative motif selection strategy. MOTIF REGRESSOR uses
MDScan [27] to find overrepresented motifs in the promoter
sequences and then tests this reduced pool of sequences
iteratively to select those that best correlate with gene expression
levels. With an iterative selection strategy, once one part of a
bipartite motif is identified the other will not further reduce the
model error and will thus be missed. MotifModeler tests all
combinations and can identify both parts.
Recently, there have been efforts to predict cis-regulatory
modules (CRMs), consisting of more than one cis-acting
element, by statistical evaluations of the co-occurrence of
binding sites within the regulatory regions of a set of genes
[15,28]. MotifModeler should identify the component elements
of CRMs, because if two CAE cooperate to influence the
expression of a set of genes, both will be identified as important
and should have similar estimated functional effects. It is simple
then to determine which of the CAE map to nearby regions of
the same genes.
Materials and methods
Modeling of transcriptional regulatory network
Since eukaryotic gene expression is controlled by the combinatorial effects
of multiple transcription factors binding to multiple regulatory sequences, a
simplified quantitative relationship between genes and CAE can be formulated
as [16,29]
gk ¼
X
iaTk
bk;ixi; ð1Þ
where gk represents the logarithmic ratios of the mRNA expression levels in
response to treatment to the control levels, gk = log2(yk
treatment/yk
control); bk,i
denotes the number of CAE i in the regulatory regions of the kth gene; and Tk
represents all the CAE that have connections to the kth gene.
A least-squares approach was used to estimate the contribution of each CAE
node (xi in Eq. (1)) on the global gene expression
x ̂
P
¼ ðBTBÞ1BT
P
g: ð2Þ
The model error based on a given selection of CAE was defined as the sum
square of the differences between observed and predicted mRNA expression
levels,
E ¼
XN
k ¼ 1
gk 
X
iaTk
bk;ixi
 !2
; ð3Þ
where N is total number of genes.
MotifModeler
A motif searching procedure, called MotifModeler, was developed to
evaluate the effects of all the potential CAE present in regulatory sequences. Theuser first selects the genomic region within which CAE will be sought. For most
analyses reported here we selected the 500-bp genomic region immediately
upstream of the transcriptional start site of the 198 selected genes, as annotated
in the UCSC Genome Browser (http://genome.ucsc.edu) hg16 assembly. Then
the user sets the number of CAE to be selected in each iteration, m. For most
analyses reported here, we set the number of effective CAE (m) at 20. The user
also selects the number of times (Nrep) to repeat the algorithm, generally in the
range of 100,000 to 10,000,000.
In this study, we focused on 6-bp DNA segments (w = 6). Considering
complementary 6-mers to be the same, (i.e., AACTAG was considered as the
same as CTAGTT), there are 2080 different 6-bp CAE candidates. We used
1,000,000 iterations such that each of the 2080 sites was tested approximately
4.6 times in combination with every other site.
Since a smaller model error implies a more influential CAE, a TCS was
assigned to each CAE candidate according to the formulation
TCSi ¼
X
caCm;i
1
Eac
; ð4Þ
where E is the model error derived in Eq. (3), Cm,i represents all the
combinatorial selections (having m CAE) that include the ith CAE; and α is the
power factor that influences the effect of single selections (α > 1). A larger α
value usually amplifies the effects of motif selections in each iteration (here, we
use α = 5).
The MotifModeler algorithm can be summarized as:
1. Randomly pick m w-bp CAE.
2. Calculate the predicted model error E (Eq. (3)).
3. Calculate the current contribution score of each CAE candidate as reciprocal
to E.
4. Add the current contribution score to the cumulative TCS (Eq. (4)).
Repeat the procedure (1–4) Nrep times.
All the customized programs were written using Matlab 7.0 (www.
mathworks.com).
Position-specific scoring matrix
A PSSM was defined to evaluate the similarities between model-selected 6-
bp CAE and the 762-nucleotide distribution matrices of aligned binding
sequences in the TRANSFAC 9.2 database (July 1, 2005) [7]. The PSSM was
constructed based on the logarithmic transformation of the frequency of each
nucleotide in a known binding site. To avoid underrepresentative occurrences of
all the possible nucleotides due to the limited number of motif samples, a
Bayesian-based prediction was implemented by adding √N (N is the total
number of sample sequences) pseudocounts. The elements in the PSSM were
defined [30] as
Sic ¼ log2
fic þ bic
Nc þ
P4
i ¼ 1
bic
; ð5Þ
where fic and bic are the numbers of real counts and pseudocounts of the ith
nucleotide (i = A, C, G, or T) in the cth position; Nc is the total number of
samples in the cth position. Here, we distributed √Nc pseudocounts among four
nucleotides according to the AT and GC content in the human genome (60.6%
AT and 39.4% GC).
The matching score of a sequence on a PSSM was calculated by adding up
all the matching elements in the PSSM at different positions,
MS ¼
Xl
j ¼ 1
SMjj; ð6Þ
where Mj corresponds to the matching nucleotide on the jth position in the
PSSM.
A HAS was defined to quantitate similarities between a 6-bp motif and
known binding site in the TRANSFAC database. Since the lengths of alignment
matrices are usually larger than 6, there exist multiple potential alignments. The
461Y. Liu et al. / Genomics 88 (2006) 452–461HAS was defined as the highest scores among all the alignments. To check the
distribution of HAS, we conducted a Monte Carlo analysis by calculating
highest alignment scores of randomly selected pairs from known binding sites
and 6-bp segments. The calculation was conducted 1,000,000 times.
Because many binding sites in TRANSFAC are larger than 6 bp, we
extended the predicted motifs from 6 bp to the length of individual matrices,
using the sequences of the individual genes analyzed. An EMS was defined to
calculate the similarity between an extended motif and an alignment matrix.
Comparison between MotifModeler and REDUCE
To compare the predictions of MotifModeler with those of REDUCE [16],
another model-based procedure, we tested both against the interferon data and
also against a benchmark dataset that was designed by embedding CAE of
varying lengths (from 6 to 10 bp and dimers of 6-bp motifs), each assigned a
functional expression coefficient, into 200 random sequences (see supplemen-
tary data for details). Both programs were run against this dataset to determine
how well they identified the known, embedded CAE.Acknowledgments
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